The poor prognosis of oral cavity squamous cell carcinoma (OCSCC) patients is associated with residual tumor after surgery. Raman spectroscopy has the potential to provide an objective intra-operative evaluation of the surgical margins. Our aim was to understand the discriminatory basis of Raman spectroscopy at a histological level. In total, 127 pseudocolor Raman images were generated from unstained thin tissue sections of 25 samples (11 OCSCC and 14 healthy) of 10 patients. These images were clearly linked to the histopathological evaluation of the same sections after hematoxylin and eosin-staining. In this way, Raman spectra were annotated as OCSCC or as a surrounding healthy tissue structure (i.e., squamous epithelium, connective tissue (CT), adipose tissue, muscle, gland, or nerve). These annotated spectra were used as input for linear discriminant analysis (LDA) models to discriminate between OCSCC spectra and healthy tissue spectra. A database was acquired with 88 spectra of OCSCC and 632 spectra of healthy tissue. The LDA models could distinguish OCSCC spectra from the spectra of adipose tissue, nerve, muscle, gland, CT, and squamous epithelium in 100%, 100%, 97%, 94%, 93%, and 75% of the cases, respectively. More specifically, the structures that were most often confused with OCSCC were dysplastic epithelium, basal layers of epithelium, inflammation-and capillary-rich CT, and connective and glandular tissue close to OCSCC. Our study shows how well Raman spectroscopy enables discrimination between OCSCC and surrounding healthy tissue structures. This knowledge supports the development of robust and reliable classification algorithms for future implementation of Raman spectroscopy in clinical practice.
The poor prognosis of oral cavity squamous cell carcinoma (OCSCC) patients is associated with residual tumor after surgery. Raman spectroscopy has the potential to provide an objective intra-operative evaluation of the surgical margins. Our aim was to understand the discriminatory basis of Raman spectroscopy at a histological level. In total, 127 pseudocolor Raman images were generated from unstained thin tissue sections of 25 samples (11 OCSCC and 14 healthy) of 10 patients. These images were clearly linked to the histopathological evaluation of the same sections after hematoxylin and eosin-staining. In this way, Raman spectra were annotated as OCSCC or as a surrounding healthy tissue structure (i.e., squamous epithelium, connective tissue (CT), adipose tissue, muscle, gland, or nerve). These annotated spectra were used as input for linear discriminant analysis (LDA) models to discriminate between OCSCC spectra and healthy tissue spectra. A database was acquired with 88 spectra of OCSCC and 632 spectra of healthy tissue. The LDA models could distinguish OCSCC spectra from the spectra of adipose tissue, nerve, muscle, gland, CT, and squamous epithelium in 100%, 100%, 97%, 94%, 93%, and 75% of the cases, respectively. More specifically, the structures that were most often confused with OCSCC were dysplastic epithelium, basal layers of epithelium, inflammation-and capillary-rich CT, and connective and glandular tissue close to OCSCC. Our study shows how well Raman spectroscopy enables discrimination between OCSCC and surrounding healthy tissue structures. This knowledge supports the development of robust and reliable classification algorithms for future implementation of Raman spectroscopy in clinical practice. Inadequate surgery (tumor positive (≤1 mm) or close (41 and ≤ 5 mm) resection margins) for oral cavity squamous cell carcinomas (OCSCC) varies between 30 and 85%. 1 This indicates that currently used visual inspection and tissue palpation by the surgeon are not sufficient to define the borders of the tumor intra-operatively. Frequently, frozen tissue sections are taken during surgery to evaluate whether the margins are tumor free (so-called frozen tissue section procedure). Although state of the art, this procedure has major limitations such as time-consuming whereby only a small percentage (1-5%) of the resection margin can be evaluated. 2 The consequences of tumor-positive resection margins are significant since this often leads to revision surgery, the need for adjuvant therapy (post-operative radiotherapy), and higher morbidity and mortality. 3, 4 Therefore, several optical diagnostic modalities have entered the field of head and neck oncology in the last decades, aiming to support the surgeon in achieving tumor-free resections. The most studied optical techniques include fluorescence, 5, 6 optical coherence tomography, 7, 8 elastic light scattering spectroscopy, 9 (high-resolution) micro endoscopy 10, 11 and Raman spectroscopy. 12, 13 Raman spectroscopy is especially suited for intra-operative use since this nondestructive technique does not need any pretreatment or labeling of the tissue. Previously, several groups investigated the potential application of Raman spectroscopy for tumor detection in the head and neck region, [14] [15] [16] including the oral cavity. [17] [18] [19] [20] [21] [22] [23] [24] Based on the results of ex vivo and in vivo measurements of oral tissue, it was repeatedly concluded that spectra from normal tissue were recognized by their high lipid content, whereas the spectra from malignant tissue were characterized by their protein features. 18, 19, 21, 23 However, the interpretation of the previously published measurements is not straightforward because no exact correlation was made between the histopathological structures in the tissue volume from which the Raman signal was obtained, and the Raman results.
The different layers and structures in healthy oral cavity tissue have their own specific molecular composition and as a consequence their own specific Raman features. OCSCC of the tongue can be surrounded by any of the different healthy tissue structures. In previous research, we developed a method of collecting detailed spectral information of individual histo(patho)logical structures based on in vitro Raman mapping experiments. 25 In the current study, we used that method to create a spectral database that comprises OCSCC and healthy tissue structures of the tongue. We investigated how well the tissue spectra enable discrimination between OCSCC and surrounding healthy tissue structures. We discuss how these results would affect development of classification algorithms and future implementation of Raman spectroscopy in clinical practice.
MATERIALS AND METHODS Sample Handling and Sample Preparation
This study was approved by the Medical Ethics Review Board of the Erasmus MC (number 2011-450). At the Department of Otorhinolaryngology and Head and Neck Surgery of the Erasmus MC cancer institute, University Medical Center Rotterdam, 25 tissue samples were collected from 10 patients who had undergone surgical resection of a primary SCC of the tongue. All patients gave informed consent.
In total, 11 samples contained OCSCC and surrounding healthy tissue structures. These samples were harvested from the surgical resection specimen, more specifically from the center of the macroscopically visible tumor. The 14 normal samples that contained only healthy tissue structures, were harvested from two different locations. Eight samples were harvested from the surgical resection specimen, more specifically from normal-appearing mucosa adjacent to the tumor, i.e., between the tumor border and the resection border ( Figure 1 ). Six samples were collected from the contralateral (not-affected site) edge of the tongue.
All samples were at least 5×5 mm in size. Samples from the surgical resection specimen were taken within 60 min after surgical excision. Contralateral samples were taken during surgery. The samples were snap frozen by immersion in isopentane and subsequently in liquid nitrogen, and kept at − 80°C until further use.
For Raman mapping experiments, the frozen tissue samples were mounted on a cryotome stage using CryoCompound (KP-CryoCompound, Klinipath B.V., the Netherlands). Adjacent 6-μm-and 20-μm-thick sections were cut. The 6 μm sections were stained with hematoxylin and eosin (H&E) for histopathological evaluation. The H&E-stained sections were used to select regions for Raman mapping experiments. Corresponding regions were then identified in the unfixed, unstained 20 μm sections that were placed on fused silica windows. These 20 μm sections were allowed to dry at the room temperature and used for the Raman mapping experiments without further treatment. After completing the mapping experiments, the 20 μm sections were also H&E stained.
Raman Spectroscopic Mapping Experiments
Raman spectroscopic mapping experiments were performed using a SpectraCell RA Bacterial Strain Analyzer (RiverD International B.V., Rotterdam, the Netherlands). This instrument was designed as a fully automated inverted confocal Raman microscope for analyzing bacterial samples. After modification of the software, it was used for point-by-point For each mapping experiment, the selected region was scanned point-by-point in a two-dimensional grid with a step size of 5 μm, and an acquisition time of 1 s per point. About 100 mW of laser light (785 nm) was focused to a spot of 2 μm in diameter, using a custom made infinity corrected objective with an NA of 0.7 and a magnification of 14 (RiverD International B.V.). Raman scattered light was collected in the wavenumber interval from 300 to 2500/cm with a spectral resolution of 4/cm, using a custom made reflection grating with 1650 lines/mm (RiverD International B.V.).
Data Preprocessing
The data preprocessing is described in detail in previous work. 25 Briefly, for each individual mapping experiment, the Raman data were processed and analyzed with software developed in-house that operates in a MATLAB environment (MATLAB 7.5.0 (R2007b), MathWorks, MA, USA) and uses the multivariate toolbox PLS-toolbox 7.0.0c (EigenVector Research, WA, USA). After removing cosmic ray events, the raw data were calibrated. Extended multiplicative signal correction combined with spectral interference subtraction 26 was used to eliminate all non-informative interfering signals, comprising signal of the fused silica window, CryoCompound, Figure 2 H&E stained sections and corresponding pseudo-color Raman images. H&E-stained tissue sections (a, c, e and g) and corresponding pseudocolor images (b, d, f and h). The K-means cluster averages were annotated as one of the following tissue structures: OCSCC (central part, peripheral part, or n.o.s.), squamous epithelium (superficial layers, suprabasal layers, or basal layers), CT (dense and collagen-rich, mixed, or inflammation-and capillary-rich), gland (mucinous or serous), muscle, adipose tissue, or nerve. CT, connective tissue; H&E, hematoxylin and eosin; n.o.s., not otherwise specified; OCSCC, oral cavity squamous cell carcinoma.
Cancer detection in surgical margins FJ Cals et al blood, carotenoid (Sigma Aldrich, the Netherlands), hydroxyapatite (Sigma Aldrich), and background fluorescence, as described earlier. 25 The contributions of carotenoid and hydroxyapatite represented biological signals that were considered non-informative, since these signals showed a large influence on the scaling procedure, resulting in noninformative differences between similar histopathological structures in different Raman experiments. Finally, the wavenumber range of the spectra that were included in the data-analysis was restricted to the 400-1800/cm.
Data Processing
Processing of the Raman map spectra was done as described in previous work. 25 Briefly, principal components analysis (PCA) was used to reduce the data set without significant loss of information. 27 All data were mean-centered before PCA. The first 20 PCA scores accounted for 499.5% of the variance present. These PCA scores were grouped using K-means cluster analysis (KCA). 28 From the KCA results, a pseudocolor Raman image was generated by assigning a color to each cluster and by plotting the cluster membership of each spectrum as a colored pixel at its measurement position.
Histopathologically Annotated Reference Spectra
After the Raman mapping experiment and H&E staining, a trained pathologist identified the histo(patho)logical structures that were present in the scanned region. For each experiment, the optimal number of K-means clusters was defined, based on the best match between histo(patho)logical structures that were present in the mapped region and the pseudo-color Raman image, as described in detail earlier. 25 Figure 2 shows representative examples of H&E-stained sections and their corresponding pseudo-color Raman images ( Figure 2 ). The pathologist was blinded for the corresponding spectra.
These K-means cluster averages were selected on the basis of sufficient signal-to-noise ratio, and on an adequate cluster size to allow histo(patho)logical annotation. The signal was calculated as the peak height at CH2 (1448/cm), and the noise was estimated from the signal part between 1770 and 1800/cm where no signal is present. Clusters with a signal-to-noise ratio o30 were excluded, to ensure that low spectral quality was of no influence to the model, especially for small clusters consisting of few spectra. The cluster size was expressed as percentage (number of representing pixels/total number of pixels in the map). A percentage of ≤ 5% was used as an exclusion criterion.
The remaining K-means cluster averages were then annotated as one of the following tissue structures: (1) OCSCC, (2) squamous epithelium, (3) connective tissue (CT), (4) gland, (5) muscle, (6) adipose tissue, or (7) nerve, as shown in Figure 2 . The K-means cluster averages served as histopathologically annotated reference spectra, and are hereafter called annotated reference spectra.
The annotated reference spectra were further subdivided based on the histopathological heterogeneity of corresponding tissue areas. In this way the OCSCC spectra were subdivided in: (1a) central part, (1b) peripheral part, or (1c) OCSCC n.o.s.
(not otherwise specified). Squamous epithelium spectra were subdivided in: (2a) superficial layers, (2b) suprabasal layers, or (2c) basal layers. The CT contains varying amounts of collagen (bundles), blood vessels, and lymphocytes. Accordingly, three subtypes were distinguished: (3a) dense and collagen-rich CT, (3b) mixed CT, and (3c) inflammationand capillary-rich CT. This second subtype contains loose CT, CT with less collagen, CT with blood vessels, or a mixture of different CT subtypes. Gland spectra were subdivided in: (4a) mucinous and (4a) serous. Figure 3 shows an H&E-stained tissue section which illustrates these subdivisions.
A second subdivision of the OCSCC spectra was based on the differentiation grade of the measured tumor: (I) moderately differentiated, (II) moderately to poorly differentiated, or (III) poorly differentiated OCSCC. 29 A second subdivision of the squamous epithelium spectra was based on the presence or absence of dysplastic changes; (i) dysplasia, or (ii) no dysplasia. 29 Finally, the spectra of the healthy tissue structures ((2) squamous epithelium, (3) CT, (4) gland, (5) muscle, (6) adipose tissue, and (7) nerve) were subdivided depending on their distance to OCSCC. Spectra that were measured in normal (tumor-free) samples were divided in: (A) harvested contralateral (not-affected site of the tongue), (B) harvested adjacent to OCSCC (between tumor border and resection Figure 3 Histopathological structures in H&E-stained tissue section. Micrograph (magnification × 16) of a H&E-stained tissue section of a tumor sample. The squamous epithelium can be divided into three layers; superficial layers (E1), suprabasal layers (E2), and basal layers (E3). The epithelium changes toward the right into dysplastic epithelium (E4). An OCSCC (T1-T3) arises from this dysplasia and can be divided into central part (T1) and peripheral part (T2) or not otherwise specified (n.o.s.) (T3). The underlying lamina propria and submucosa consist of CT that can be divided into dense and collagen-rich CT (CT1), inflammation-and capillary-rich CT (CT2), or mixed CT (CT3). Adipose tissue (A) and muscle tissue (M) are also found in the submucosa. CT, connective tissue; H&E, hematoxylin and eosin; OCSCC, oral cavity squamous cell carcinoma. border). Healthy tissue structures that were measured in samples that contained regions of OCSCC were annotated as (C) close to the tumor.
Spectra that could not be histologically annotated were excluded.
Hierarchical Cluster Analysis
The annotated reference spectra of all experiments together were used as input in an unsupervised hierarchical cluster analysis (HCA). The output of HCA is a membership matrix (N × N, where N is the number of spectra) that represents the clustering at each level of agglomeration. 28 The HCA results were used to determine the spectral average and s.d. for each histo(patho)logical annotation as described earlier. 25 The spectral average represents the overall molecular composition of a histo(patho)logical structure. The s.d. provides insight into the variance in biochemical composition within the histo (patho)logical structure.
Linear Discriminant Analysis
To investigate how well the tissue spectra enabled discrimination between OCSCC and the six surrounding healthy tissue structures, a linear discriminant analysis (LDA) was used. 30 Six separate LDA models were made, using the scores of the PCA of the annotated reference spectra as input variables. Each model was tested by leave-one-patient-out (LOPO) analysis, i. e., the models were trained using a subset of nine patients and tested on the remaining one patient. For each model, the optimal number of input parameters was determined by the best result in the LOPO analysis. To prevent overfitting of the LDA model, the amount of input parameters was in all cases smaller than half the number of annotated reference spectra in the smallest group. The classification accuracy (proportion of true results, both true positives and true negatives) served as a measure for discriminative power.
RESULTS

Histopathologically Annotated Database
A total of 127 Raman mapping experiments were performed on 25 samples from 10 patients (11 samples contained OCSCC and surrounding healthy tissue structures, and 14 samples contained only healthy tissue structures). The scanned areas ranged between 405 × 150 μm and 1005 × 470 μm. The step size of 5 μm resulted in 2700 to 24 426 pixels per experiment (mean number of pixels per experiment: 11 538). The optimal number of K-means clusters varied between 4 and 20, resulting in a total of 1114 K-means clusters.
Seven hundred-twenty K-means clusters were annotated based on histo(patho)logical correlation of the scanned tissue regions. In total 88 K-means clusters were annotated as OCSCC, 140 as squamous epithelium, 396 as CT, 41 as muscle, and 33 as adipose tissue. Gland and nerve were both underrepresented in our samples with 17 and 5 annotated reference spectra, respectively. The spectral averages and s.d. of these seven histo(patho)logical tissue structures are shown in Figure 4 .
In total, 394 K-means cluster averages were excluded from further analysis. These excluded K-means clusters represented 17% of the total number of pixels of all experiments together. Examples of the excluded K-means spectra are shown in Supplementary Figure S1 .
First, 216 K-means clusters did not pass the inclusion criteria. For 62 clusters, the signal-to-noise ratio was o30. The average signal-to-noise ratio of all included spectra was 279 (range: 52-999). The other 154 clusters only represented a few pixels (≤5%) in the scanned regions which made exact histo(patho)logical correlation impossible.
Another 178 K-means clusters were excluded to prevent addition of non-representative contribution to the spectral averages. These include 65 clusters that represented borders between two different tissue structures, and that therefore reveal a composition of the spectral features of both tissue structures. For 83 clusters, no reliable correlation with histopathology was possible, because these clusters consisted of single pixels dispersed throughout several tissue structures in the pseudo-color Raman images. For 20 clusters, contamination or tissue loss during the cutting and H&E staining procedure prevented a reliable correlation. Last, 17 clusters were excluded because they represented structures that were rarely encountered in our samples, such as parakeratotic layers of epithelium and gland's duct.
Distinction between OCSCC and Its Surrounding Healthy Tissue Structures
To investigate how well OCSCC could be distinguished from the six healthy tissue structures, we made six separate LDA models based on the whole spectrum (i.e., OCSCC vs squamous epithelium; OCSCC vs CT; OCSCC vs gland; OCSCC vs muscle; OCSCC vs adipose tissue, and OCSCC vs nerve). The results of each classification model are given below. 
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OCSCC vs Squamous Epithelium
Similar to the OCSCC spectrum (pink spectrum Figure 5a ), the average spectrum of squamous epithelium (blue spectrum Figure 5a ) is dominated by proteins (peaks at 668, 782, 830, 936, 1004, 1156, 1174, 1208, 1302, 1316, 1448, 1514, and 1656/cm). 31 The major differences between these spectra are caused by the more intense peaks at 902, 936, and 1656/cm in the squamous epithelium spectrum, and the more intense peaks at 878, 990, 1064, and 1448/cm in the average OCSCC spectrum (enlarged details in Figure 5b ). The LDA model classified 39 of the 140 squamous epithelium spectra as OCSCC, and 17 out of 88 OCSCC spectra as squamous epithelium (Figure 5c ). This resulted in a classification accuracy of 75%.
OCSCC vs CT
The most discriminative region of the mean CT spectrum (gray spectrum Figure 6a ) is attributed to collagen (peaks at 532, 854, 876, 922, 938, 1246, 1266, and 1448/cm). 31 The LDA model classified 21 out of 396 CT spectra as OCSCC, and 12 out of 88 OCSCC spectra as CT (Figure 6b ). This resulted in a classification accuracy of 93%.
OCSCC vs Gland Glandular tissue was not often encountered in our samples. Since the mean spectrum was based on spectra of two different types of gland tissue (serous and mucinous) the s.d. was larger than in other tissue types ( Figure 4D ). Nevertheless the characteristic peaks (440, 718, 874, 1042, 1114, 1156, 1376, and 1518 cmˉ1) of the mean gland spectrum (teal spectrum Figure 7a ) were striking compared with the average OCSCC spectrum (pink spectrum Figure 7a ). The LDA model classified 6 out of 17 gland spectra as OCSCC, but none of the 88 OCSCC spectra as gland (Figure 7b ), resulting in a classification accuracy of 94%.
OCSCC vs Muscle
The spectral features of OCSCC (pink spectrum Figure 8a ) and muscle (red spectrum Figure 8a ) are quite similar; however some clear differences are visible. Peaks at 546, 782, 1084, and 1096/cm were present in the average OCSCC spectrum but were absent in the muscle spectrum. The peaks at 936, 1042, and 1396/cm were more intense in the muscle spectrum, compared with the OCSCC spectrum (enlarged details in Figure 8b ). The LDA model classified 1 out of 41 muscle spectra as OCSCC, and 3 out of 88 OCSCC spectra as muscle (Figure 8c ), resulting in a classification accuracy of 97%.
OCSCC vs Adipose Tissue and OCSCC vs Nerve
The average spectra of nerve (salmon spectrum Figure 9a ) and adipose tissue (yellow spectrum Figure 9a ) mainly represent lipids (peaks at 962, 1064, 1080, 1302, 1368, 1440, 1558, 1656, and 1744-1748/cm), 31 whereas the average spectrum of OCSCC (pink spectrum Figure 9a ) is dominated by protein signals (peaks at 668, 782, 830, 936, 1004, 1156, 1174, 1208, 1316, 1448, 1514, and 1656/cm). 31 Thanks to these large differences in lipid protein ratios both LDA models showed a classification accuracy of 100% (Figure 9b ).
Analysis of Misclassifications by the Use of Subdivisions
Highly accurate discrimination between OCSCC and the majority of healthy tissue structures was possible (CT: 93%, gland: 94%, muscle: 97%, adipose tissue: 100%, and nerve: 100%), with the exception of squamous epithelium (75%). A detailed overview of the misclassifications is given in Table 1 .
The spectra of OCSCC, squamous epithelium, CT, and gland, each showed a large variance around their mean ( Figure 4A-4D) . This reflects the heterogeneity in their histopathological annotations. To understand the cause of the misclassifications, we used further subdivisions of these tissue structures (as described in the materials and methods section). 
Misclassifications in Squamous Epithelium
Of the 140 spectra annotated as squamous epithelium, 101 were correctly classified (72%), and 39 were misclassified as OCSCC. The spectra that represented the superficial layers were more often correctly classified as epithelium (84% (37/44)), than the suprabasal layers (78% (31/40)) or basal layers (59% (33/56)), as shown in Supplementary Figure S2 .
Spectra that represented squamous epithelium without dysplasia were more often correctly classified as squamous epithelium (78% (87/111)), than the squamous epithelium with dysplasia (48% (14/29)) (Supplementary Figure S2) .
The percentage of correct classifications was higher for squamous epithelium in the contralateral normal samples (91% (31/34) ), than in the adjacent harvested normal samples (58% (40/69) ), or than for squamous epithelium from the samples that contained OCSCC (81% (30/37)) ( Table 1 ). This might be related to previous observation since less dysplasia was seen in the contralateral samples.
Misclassifications in CT
Of the 396 spectra annotated as CT, 375 were correctly classified (95%) and 21 were misclassified as OCSCC. The spectra that represented dense and collagen-rich CT were correctly classified as CT in 100% (62/62), whereas mixed CT was correctly classified in 97% (269/278) and inflammationand capillary-rich CT in 79% (44/56), as shown in Supplementary Figure S3 .
The percentage of correct classifications was lowest for CT in the samples containing OCSCC (92% (144/157)), than for CT measured in normal samples harvested adjacent to OCSCC (between tumor border and resection border) (97% (134/138)) or harvested contralateral (not-affected site of the tongue) (96% (97/101)) ( Table 1) .
Misclassifications in Gland
Of the 17 spectra annotated as gland, 11 were correctly classified (65%) and 6 were misclassified as OCSCC. The mucinous gland spectra were more often correctly classified as OCSCC (79% (11/14) ), than the serous gland spectra (0% (0/3)), as shown in Supplementary Figure S4 .
The percentage of correct classifications was higher for gland measured in the contralateral normal samples (100% (5/5)), than measured in adjacent harvested normal samples (86% (6/7)) or than samples containing OCSCC 0% (5/5)) ( Table 1) .
Misclassifications in OCSCC
OCSCC vs squamous epithelium Out of 88 spectra annotated as OCSCC, 71 were correctly classified (81%), and 17 were classified as squamous epithelium by the (OCSCC vs squamous epithelium) LDA model.
The spectra that represented the peripheral part were more often correctly classified as OCSCC (91% (21/23)) than the 
DISCUSSION
Our ultimate goal is to develop an algorithm that helps the surgeon to achieve tumor-free resection margins and as a result improve the outcome of patients with OCSCC. The future implementation of such classification algorithm in clinical practice is dependent on the discriminatory power of Raman spectroscopy. To understand the discriminatory basis of Raman spectroscopy at a histological level, we performed experiments in which spectra and tissue locations (from which the spectra were obtained) were clearly linked. This has enabled us to identify which healthy tissue structures were difficult to distinguish from OCSCC.
OCSCC can be spectrally distinguished from most subepithelial healthy tissue structures with high accuracy (497% correct discrimination between OCSCC and adipose tissue, nerve, and muscle). Squamous epithelium, CT, and gland were the healthy tissue structures that were most often confused with OCSCC.
Most misclassifications occurred in the distinction between OCSCC and squamous epithelium, especially in the basal layers of epithelium, the dysplastic squamous epithelium, and in the epithelium measured in the samples that contained OCSCC. This is not surprising because OCSCC originates in the epithelial surface (Figure 3 ). In carcinogenesis, stem cells located in the basal layers of the epithelium acquire genetic alterations, followed by clonal expansion. 32 Normal epithelium alters in dysplastic epithelium, which is more often seen adjacent to invasive oral carcinomas 33 and is considered to be a pre-malignant disease. As a consequence, the biochemical composition of both tissue structures shows high similarity. Due to clonal expansion of stem cells in the basal layers, the lamina propria is pushed away, and invasion through the basal membrane follows. An OCSCC can develop from well differentiated to moderately differentiated to poorly differentiated OCSCC. 34, 35 In each step the similarity with the original squamous epithelium will become smaller. This might explain that moderately differentiated OCSCC is more often correctly classified.
Irrespective of the distance to OCSCC, inflammation-and capillary-rich CT was most often misclassified in the OCSCC vs CT model. This type of CT is more often seen close to tumor (Figure 3 ). This is caused by two reasons: (1) tumor development is accompanied by an immune response that Distinction was made between the normal samples (containing only healthy tissue structures) that were harvested contralateral (not-affected site of the tongue) and that were harvested adjacent to OCSCC (between tumor border and resection border), and tumor samples that contained OCSCC and healthy tissue structures. The number of correct classified spectra per histological annotation is shown. CT, connective tissue; OCSCC, oral cavity squamous cell carcinoma.
leads to massive tumor infiltration by inflammatory cells 36 and (2) a relatively higher amount of capillaries is present in the CT around the tumor because OCSCC creates new blood supply by stimulating endothelial cell proliferation and formation of new blood vessels. 37 This can probably explain why most misclassifications occurred in this type of CT as well as the higher percentage misclassifications in the CT in the samples containing tumor. Furthermore, the higher percentage of misclassifications in the peripheral part of OCSCC might be explained by the epithelial-mesenchymal transition (EMT). EMT occurs at the periphery of a tumor and is characterized by the loss of epithelial characteristics. 38 EMT has a role in invasion and metastasis of cancer cells. 39 However, the clinical relevance of these possible misclassifications is questionable. First, the imperfect discrimination between OCSCC and squamous epithelium will not necessarily influence the potential for intra-operative application of Raman spectroscopy. The majority of residual tumor is namely located in the subepithelial, deeper tissue layers. Woolgar et al. 40 described that o2% of the resection specimens had solely an involved mucosal margin, whereas 87% of the involved margins was located in the deep soft tissue. In the future it might be an option to develop an algorithm that deals with the real clinical problem by excluding squamous epithelium and discriminating tumor only from the subepithelial healthy structures.
Second, regarding the misclassifications in the CT, it has to be mentioned that in clinical practice a margin of at least 1 cm around the tumor is resected to ensure an adequate resection. A part of inflammation-and capillary-rich CT, as well as the CT close to the tumor will most likely be resected anyway within the 1 cm margin, independent on an intra-operative classification by Raman. However, for algorithm development, this is important to know since over resection (and as a result a less functional organ) by expanding the border beyond the 1 cm margin is also not desirable.
In this study, we determined how well Raman spectroscopy enables discrimination between OCSCC and surrounding healthy tissue structures. This provided knowledge that supports the development of robust and reliable classification algorithms for future implementation of Raman spectroscopy in clinical practice.
